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Abstract— Recent advancements in neural implicit fields for
Simultaneous Localization and Mapping (SLAM) have provided
breakthroughs. However, the benefits of reconstruction results
to the perception ability of robot are minimal. Therefore, we
propose FI-SLAM, a dense semantic instance SLAM system
based on neural implicit representation, which significantly aids
robots in better understanding the scene. FI-SLAM employs a
coordinate and plane joint encoding method, which reduces
the difficulty of feature storage by flattening the feature space.
Furthermore, to improve representation efficiency, we use the
method of adjacent feature level linear interpolation to describe
features. We propose a feature fusion (FF) method to merge
the object features with the scene features. The fused feature
vector enhances the reconstruction accuracy of the local scene
while ensuring the global reconstruction effect. It has improved
the global reconstruction effect of the scene and the accuracy of
camera tracking. Numerous experiments on synthetic and real-
world datasets demonstrate that our method can assure accu-
rate tracking precision, high-fidelity reconstruction results, and
complete semantic instance maps. In summary, the algorithm
we proposed heavily augments the scene perception capabilities
of robot.

I. INTRODUCTION

Dense semantic simultaneous localization and mapping
is an essential challenge in the application of robots [8],
[13]. Integrating semantic information into SLAM work can
improve the robot’s ability to understand the scene, optimize
the efficiency of interaction and collaboration, and enhance
the accuracy of tracking and mapping.

Traditional visual SLAM algorithms can estimate camera
pose with high accuracy and robustness in various scenes
[10], [12]. However, they cannot predict unobserved view-
points, and the storage cost of reconstruction results is high.
Recently, Neural Radiance Fields provide a novel solution
to deal with these limitations by enabling continuous and
dense representation of scenes using limited memory. [8],
[16], [18], [21]. In particular, coordinate-based neural net-
works have received widespread attention for their ability to
predict the geometry, shape, and appearance characteristics
of any point. Unlike most existing NeRF-SLAM systems,
we improve the perceptual ability of the robot by utilizing
a joint encoding technique base on coordinates and planes
to reconstruction at a semantic instance level. Although
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Fig. 1: The demonstration of FI-SLAM. We propose FI-SLAM,
a dense semantic instance SLAM system based on neural implicit
representation, which can provide real-time tracking and mapping.

some current works have combined semantic and NeRF [19],
[20], these tasks require several hours of offline training to
obtain a semantic scene, which cannot satisfy the real-time
requirements of semantic SLAM.

Semantic-NeRF [19] adds a semantic rendering network
after volumetric rendering to reconstruct semantic maps.
However, its offline operation makes it impractical for real-
time application. NIDS-SLAM [5] accomplishes the real-
time construction of semantic maps. However, which relies
on the pose provided by ORB-SLAM3 [1] and cannot track
independently. Therefore, we propose a feature fusion (FF)
method that uses semantic instance and depth projection to
obtain object point clouds. Our method can continuously up-
date the point cloud and object bounding box as the camera
pose changes. By merging object features and background
features, more local features effectively improve the expres-
sion of geometry and texture. Meanwhile, we adopted a joint
encoding method based on coordinates and planes(CPE) to
transform 3D spatial features into three 2D feature planes.
Linear interpolation is performed on multiple feature planes
to obtain plane features, which are spliced to obtain feature
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vectors. This feature expression method effectively enhances
scene reconstruction accuracy and completes defect comple-
tion. Our method allows us to get a semantic instance map
while improving the accuracy of tracking and reconstruction.
Overall, we provide the following contributions:

e We propose FI-SLAM, a dense semantic instance
SLAM system based on NeRF. We present a feature
fusion (FF) method to describe the local scenes better
to obtain scene optimization results.

We propose a feature fusion (FF) method that uses
semantic instance to objectify scene objects and extracts
object features and scene features through different
feature networks to fusion, effectively improving the
expressive ability of geometry and texture in the scene.
We adopt a joint encoding (CPE) method based on
coordinates and planes to transform spatial features into
planar features. We obtain feature vectors by performing
octilinear interpolation on adjacent level feature planes,
for better reconstruction of unobserved viewpoints.

We evaluate our method with various parameters on
two challenging datasets, Replica [15] and ScanNet [3].
Additionally, through ablation experiments, we prove
the effectiveness of our algorithm.

II. RELATED WORKS
A. Semantic SLAM

Applying instance semantics in the SLAM framework
offers numerous advantages. It allows for a more straight-
forward collection of object-level features, enhances storage
efficiency, and provides stability in large-scale changes [4],
[14]. All these improvements assist robots in achieving
superior self-localization. Meanwhile, it provides a higher
level of environmental perception, allowing the robot to
perform semantically meaningful tasks more efficiently [9].
SLAM++ [14] uses RGB-D information to represent object
scenes via a joint pose graph semantically. Kimera [13] relies
on stereo sensors to generate dense semantic meshes and uses
visual odometry to estimate poses. Although these methods
can perform semantic 3D display reconstruction using depth
information, the dense reconstruction may lead to excessive
storage space, and low resolution cannot guarantee high
fidelity. In this article, we use the small storage costs of
neural implicit representations to design a high-precision
semantic instance SLAM system, effectively enhancing the
robot’s environmental perception capabilities.

B. Neural Implicit SLAM

Recently, neural implicit representation has been widely
used as an efficient and accurate representation of the entire
scene due to its expressiveness and compactness in the
reconstruction process. To apply neural implicit represen-
tations to the SLAM system, iMAP [17] uses MLP to
perform real-time tracking and mapping, introducing key
frames strategy to accelerate the operation. NICE-SLAM
[21] uses a hierarchical feature network for scene represen-
tation, achieving more accurate mapping. Co-SLAM [18]
adopts multi-resolution hash encoding, which accelerates
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the speed of reconstruction and improves the accuracy. All
these efforts have proven the feasibility of neural implicit
in reconstructing the geometry and color information of the
environment. More than this, it can be used to encode seman-
tic information [19]. VMARP [7] uses semantic segmentation
results to instantiate different objects. Compared to other
methods, our method improves the efficiency and accuracy
of tracking and mapping by objectifying the objects in the
scene through segmentation results to acquire an additional
feature network.

III. METHODOLOGY
A. Feature Fusion

Low-rank tensors [2] and hash tables [11] converge
quickly. However, they ignore some areas and design pixels
as single points and samples, causing excessive blurring in
close-ups and sawtooth effects in long shots. Therefore, we
propose a feature fusion (FF) reconstruction method. Specifi-
cally, we fuse scene and object features during reconstruction
to improve the tracking and reconstruction accuracy. Inspired
by [6], we adopt a coordinate and plane joint encoding (CPE)
method, spheroidizing 3D spatial points and decomposing
them into three planes (Fig.3). We get a plane feature vector
by performing linear interpolation on two adjacent levels of
Mipmap. We concatenate the three plane feature vectors with
the coordinate feature vector to get the scene feature vector
f5(z). To obtain object features, we use instance masks,
depth, and predicted camera poses to get object bounding
boxes. We transform spatial point coordinates to the object
coordinate system to extract object feature vectors f2(x),
where n denotes the instance ID of the object. We fuse
the scene and object feature vectors f(z) = £°(z) + £2(z).
The geometric decoder outputs the predicted sdf value and
feature vector h:

Dy (fsar(x)) — (sdf , h) (D
Finally, the predicted color ¢ values and instance values ¢:
D.(fe(z),h) — ¢ D;(fi(x),h) — i ()

B. Object Representation

Bounding Box Acquisition. To extract object features, it
is essential to distinguish the representation information of
each instance object. We utilize the object mask and depth
information to acquire the 3D point cloud of the object. We
parameterize the point cloud into bounding box information
such as size €, rotation matrix R}, and center ;. through
Camera internal parameters and the predicted camera pose.
As the number of frames increases, we select keyframes to
add to the object, continuously updating the point cloud to
optimize the object’s bounding box.

Object Coordinate System Conversion. In order to
extract object feature £°(x), the object ID n and coordinates
of each sampling point x? need to be obtained. Therefore,
we utilize the bounding box information of the object to
calculate them. The sampling points x* in Fig.2 and the
object center ;. are rotated into the object coordinate system
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Fig. 2: An overview of FI-SLAM. Our method takes RGB-D and semantic instance images as inputs and outputs camera poses and scene
representations in the form of jointly optimized feature vectors through a hierarchical feature network. FI-SLAM consists of tracking
and mapping, and mapping is performed whenever a keyframe is detected in tracking. During the scene training, FI-SLAM continuously
updates the object point cloud through semantic instances and depth information, obtains the bounding boxes of objects, and objectifies
space points. Furthermore, during sampling, it normalizes the 3D sampling points in space and inputs them into the object feature network
and scene feature network. The output feature vectors are fused to improve scene reconstruction effects and tracking pose accuracy.
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Fig. 3: Overview of feature encoding. We project the sampling
points in the space into three Discs to flatten the spatial features
and reduce the difficulty of feature expression. We perform 8-vertex
linear interpolation on two adjacent feature planes in Disc to obtain
a planar feature vector. We splice the planar feature vector and the
coordinate feature vector to obtain a spatial feature vector.
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through the inverse of the rotation matrix R?, ~*, which can
be written as:
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o
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Furthermore, we use the size ¢, to determine the object
category of the sampling points and add the object ID to
the sampling points, and get the coordinate position of the
sampling points in the object coordinate system. To utilize
classless sampling points, we set objects such as walls and
windows as backgrounds and use the background to constrain
these spatial points.

529

C. Scene Volume Rendering

Volume Rendering. We render depth {, color & and
instance i by integrating predicted values along sampled rays.
Specifically, in each frame of the image, we randomly select
the same number of background and object pixels using the
object mask and choose K sampling points on all the rays
z(ty) = o+ trd emitted from the center of the projection
camera to these pixels, parameterizing the weight of each
point on the rays as:

“4)

where tr is the truncation distance. s is the SDF we pre-
dict. Each sampled ray has depth values{t;...tx }, predicted
colors{c;...cx }, and predicted instances{i;...i x } and render
the color &, depth  and instance i for each pixel as

wy = Sigmoid(j—:) . Sigmoid(—i—i)

K K
L 1 ; 1 ¢
C—ZK w Wk Ck —ZK w Wik
k=1 Wk =1 k=1 Wk =1 )
K
1 .
i= ZK - W1k
k=1 Yk =1

Objective Functions. We achieve rendering by minimiz-
ing the mean squared error between the ground truth and
predicted values and updating the camera pose through gra-
dient backpropagation. For effective depth sampling points
R, the losses for color and depth are defined as follows:

_ 1 L2 _ 1 RY
‘CTgb - |R| Z(C CT) Ly = |R| Z(t tT) (6)
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We use one hot enconding network H to predict instances.
The calculation of the rendering loss for instance reconstruc-

tion is as follows
> Z H(i

reRn=1

i)

To improve the accuracy of scene geometry reconstruction,
we apply truncated signed distance error for sampled depths
close to the surface with the truncation region P!" where
|t —tp,| < tr. We use the distance between the sample
points and the truth value as SDF ground truth for super-

vision.
] Z e 2 O
pePL”
For the region Pf ® where is far from the surface with
[t, — tp| > tr, we use a free-space loss to force the SDF to
predict the truncation distance tr:

)log(H (7

i

IRN|

—(t—1)"  ®

2
fs |R|Z|Pfs Z Sp—tT) ©)
js
The global loss function of O%I‘ method is defined as:
L= >\fs£fs + Asdfﬁsdf + Atﬁt + )\rgbﬁrgb + )\1£1 (10)

where {Afq, Asap, At Argn, Ai } s the weighting factor. It is
worth that loss calculations require rays to have actual depth.

D. Tracking and Mapping

Tracking. Our tracking process is a process of minimizing
the loss function optimized by the global Adam optimizer.
The current estimation of the camera pose is represented by
the transformation matrix Ty, = exp(&)') € SE(3) . We
initialize the pose of the current frame ¢ through a constant
speed assumption, which can be designed as:

T, =T, 1T, T4 (11

Mapping. Our mapping is the process of scene repre-
sentation based on feature fusion (FF) encoder and MLP
decoder. We choose K pixels from M frames, which in-
clude the current frame, the previous two keyframes, and
M — 3 frames randomly selected from the keyframe list.
We jointly optimized the scene features, object features, and
MLP decoder of M frames by minimizing the overall loss
function. We adopt a method of joint encoding (CPE) based
on coordinates and planes to fill in the unobserved viewpoints
of scene, improving the completeness of scene.

IV. EXPERIMENTS
A. Experimental Setup

Datasets and evaluations. We evaluate the performance
of FI-SLAM on eight scenes on the simulated dataset Replica
[15] and six scenes on the real-world dataset ScanNet [3]. For
reconstruction quality indicators, we use Depth L1, Accuracy
(Acc.), Completion (Comp.), and Completion ratio (Comp.
Ratio) with a threshold of Sem. For pose prediction, we
use Absolute Trajectory Error (ATE) to evaluate tracking
accuracy on Replica [15] and ScanNet [3].

Baseline. Current datasets and algorithms are unable to
provide a semantic instance reconstruction map, so we
present a qualitative illustration of 2D rendered images of
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the scene and 2D ground truth images. For tracking accuracy
and reconstruction effect, we use iMAP [16], NICE-SLAM
[21], and Co-SLAM [18] as our comparative baselines, where
iMAP* [16] indicates the experimental results of iMAP [16]
by the author of NICE-SLAM [21].

Implementation Details. We run FI-SLAM on a desktop
PC with an Intel Core i7-11700 (16 cores @ 2.50GHz),
32GB of RAM, and a single NVIDIA GeForce RTX 3080
GPU. FI-SLAM leverages a 24-channel feature vector to
represent semantics, geometry, and texture. During the sam-
pling process, 1024 pixels are selected from the object and
the background. The tracking process involves 15 iterations,
while the mapping process involves 20 rounds of iterations.
Every 5th frame we add a scene keyframe. Within the object
feature network, the background resolution is 2563, and the
object resolution is 643. In the scene feature network, the
scene resolution is set at 5123. When creating object instance,
15 keyframes are retained for each object.

B. Experimental results

Replica Dataset. To evaluate the reconstruction accu-
racy in Replica [15], we carry out assessments on the
same simulated RGB-D sequence as with Co-SLAM [18].
The Depth L1, Acc, Comp, and Comp. Ratio are used as
evaluation indicators. As shown in Tab.l, our method is
almost as accurate as Co-SLAM [18], and we have higher
completeness.

TABLE I: Quantitative results for reconstruction in the eight
scenes of Replica [15]. We report the Depth L1[cm], Acc.[cm]],
Comp.[cm]], Comp. Ratio[< 5ecm%]t for reconstruction in the
eight scenes of Replica [15]. Additionally, we calculate the average
values of the fourth metric.

Method Depth L1] Accl CompJ Comp.Ratio]
iMAP* [16] 4.64 3.62 4.93 80.50
NICE-SLAM [21] 1.90 2.37 2.63 91.13
Co-SLAM [18] 1.51 2.10 2.08 93.44
Ours 1.33 2.26 1.72 96.31

NICE-SLAM [21] employs a dense grid representation,
preserving more reconstruction details, but artifacts are
present in local details. Co-SLAM [18] utilizes a multi-
resolution hash, enabling better detail description. Still, its
reconstruction precision is low, and the fulfillment effect
is unsatisfactory. Our method enhances local appearance fi-
delity by introducing object representation, while our feature
fusion ensures the geometric consistency of the scene. As
shown in Fig.4, in local scene reconstruction, such as the
completion of the area behind the sofa in room-0 and the
reconstruction of the table edge in office-3, our method
performs better in reconstruction and completion compared
to other algorithms.

Fig.5 exhibits the instance scene that we have constructed.
Due to the omission of ground truth for instance scenes in the
Replica dataset, we use network-rendered 2D instance im-
ages and truth images for qualitative illustration. The tagging
mapping methods we employ in 3D instance reconstruction
and 2D instance rendering differ. Therefore, the colors vary
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Fig. 4: Reconstruction results on two datasets. Compared with existing methods, our method achieves high-fidelity scene reconstruction
in various scenarios and more effectively completes the unobserved viewpoints.

segmentation images, 20 frames cannot be trained, leading
to poor tracking accuracy. However, our tracking accuracy is
higher than existing methods in other sequences.

TABLE II: The ATE RMSE| [¢m] result run on ScanNet [3].
We report the ATE RMSE] [cm] for camera tracking in the six
scenes. FI-SLAM achieves better tracking accuracy than existing
algorithms, with an average improvement of above 2cm over other
methods.

Instance Mesh (3D)

Method 0000 0059 0106 0169 0181 0207 Avg.

iMAP* [16] 5595 32.06 17.50 70.51 32.10 11.91 36.67
NICE-SLAM [21] 8.64 1225 8.09 10.28 1293 559 9.63
Co-SLAM [18] 7.18 1229 957 6.62 1343 7.13 937
Ours 6.50 8.67 998 487 857 542 7.23

Render(2D)

We provide a qualitative analysis of camera tracking and
reconstruction effects in Fig.??. The results show that our
method is not affected by large offsets and more stable than
existing methods. The ground truth scene in the ScanNet [3]
dataset is incomplete, so we can only provide a qualitative
analysis of the geometric reconstruction of the real-world
Fig. 5: Reconstruction results of semantic instances on Replica ~ ScanNet [3] dataset. The qualitative comparison experiment
[15] dataset. Replica [15] dataset cannot provide ground truth for  in Fig.4 verifies that our algorithm has better reconstruction
instance reconstruction, so we qualitatively compare the rendered  effects compared to existing methods.
2D instance image and the ground truth instance image. The

color labels we use while carrying out 3D reconstruction and 2D C. Ablation Studies
rendering are different, so the colors in the image differ.

GT(2D)

Effectiveness of FF. As shown in Fig.6, we have used
in the images. It is not due to prediction errors that the colors  different feature networks for training. During the reconstruc-
differ. tion of the object part, the Object Features (OF) will result in

ScanNet Dataset. To evaluate the tracking accuracy of jagged edges and cannot perform texture constraints. At the
FI-SLAM in the ScanNet [3] dataset, we compare the ATE  same level of the network, Scene Features (SF) will result
RMSE of our estimated camera poses with other methods. in excessive smoothing when reconstructing as a whole.
As shown in Tab.Il, on average, our method demonstrate In contrast, our Feature Fusion (FF) algorithm effectively
the best performance in ATE RMSE, improving the tracking alleviates the above two situations and improves the overall
accuracy by 2cm compared to existing algorithms. In the reconstruction accuracy of the scene. Tab.IIl shows the
scene-0106 sequence, due to the lack of 20 frames of instance =~ ATE RMSE in the six scenes of the Replica [15] dataset
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under three different feature algorithms. Feature fusion(FF)
algorithm provides more accurate tracking accuracy.

Fig. 6: Effectiveness of FF. We demonstrated the reconstruction
in room-0 using OF, SF, and FF as scene representations. OF
would exhibit texture distortion and geometric mutations during the
reconstruction, while SF would produce an excessively smoothed
scene. FF has better geometry and texture compared to OF and SF.

TABLE III: Quantitative tracking results for FF ablation. We
present the tracking ATE RMSE| [c¢m] of OF, SF, and FF in six
scenarios on the Replica [15] dataset.

Method room0O rooml room2 office2 office3 office4 Avg.
OF 087 1.16  1.06 1.71 220  0.89 1.32
SF 070 097 1.03 1.37 1.03 1.05 1.03
FF 062 0.68 097 0.75 088 088 0.80

Effectiveness of CPE. Fig.7 shows the results we achieved
in the room-1 of the Replica [15] dataset by adopting Plane
Encoding (PE) and Coordinate and Plane Joint Encoding
(CPE). Intuitively, it can be seen that the plane encoding still
has gaps in the completion of unobserved viewpoints. Incor-
porating coordinate coding for joint encoding has enhanced
the ability to fill in the blanks in unobserved viewpoints.

PE

CPE

Fig. 7: Effectiveness of CPE. We demonstrated the reconstruction
in room-1 using PE and CPE as scene encoding. CPE achieves more
efficient completion effects than PE for unobserved viewpoints.

V. CONCLUSION

FI-SLAM is a dense semantic SLAM system based on
neural implicit representation. We adopt a coordinate and
plane joint encoding method to represent the scene and use
feature fusion for training. A large number of experiments
show that our method achieves high-fidelity mapping and
accurate tracking and also completes the scene from un-
observed viewpoints to a large extent. In semantic instance
SLAM, we provide high-fidelity instance maps, effectively
enhancing the robot’s perception of the environment.
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